Introduction
Because of the increasing demand for higher performance as well as for increased safety and reliability of dynamic systems, fault diagnosis has been becoming more important for machine monitoring. Early diagnosis of machine faults while the machine is still operating in a controllable region can help to avoid abnormal event progression, which in turn can help to avoid major system breakdowns and catastrophes. Hence, fault diagnosis is a major research topic attracting considerable interest from industrial practitioners as well as academic researchers (1) . One of the most common applications of condition monitoring is fault diagnosis of electrical machines (2) (3) (4) (5) . Even though motor current analysis has been widely utilised for electric machines, vibration monitoring is also accepted for diagnosis of faults in these machines (6) . Vibration monitoring of electrical machines has become an attractive field for many researchers and has also gained industrial acceptance, since it is related to almost all machinery failures and it does not require modification of the machine or access to the supply lines (7) (8) (9) . There are several fault types, mechanical and electrical, which can induce undesired vibration levels in electrical motors, such as misalignment, broken rotor bar, short circuits, imbalance, stator winding faults and bearing failures (6) . During the last decade, a number of attempts have been made to diagnose machine faults using artificial intelligence techniques such as: Fuzzy Inference Systems (FISs) for external gear pumps (10) , railway wheels (11) and DC motors (12) ; Artificial Neural Networks (ANN) for automotive generators (13) , internal combustion engines (14) and gearboxes (15) ; and Genetic Algorithms (GA) for rolling element bearings (16) and so on. Other than these techniques, adaptive systems have been used for intelligent fault classification. Nowadays, adaptive neuro-fuzzy inference systems have found a wide gamut of industrial and commercial applications that require analysis of uncertain and imprecise information. ANNs and FISs are complementary technologies in the design of adaptive intelligent systems. The integrated neuro-fuzzy system combines the advantages of ANN and FIS. While the learning capability is an advantage from the viewpoint of FIS, the formation of a linguistic rule base is an advantage from the viewpoint of ANN. An integrated neuro-fuzzy system shares data structures and knowledge representations (17) . In modern agriculture, it is important that farming works be carried out in an appropriate time. Time is a vital factor in agricultural systems and has a great influence on the total performance of the farm. It is thus necessary that machines be in service at, and for, the required time. Now the starter motor is one of the critical components of a tractor. If the starter motor does not work properly, the tractor engine cannot operate. Therefore, this leads to a downtime in the farming schedule. Hence, the present study tries to introduce a technique for intelligent fault diagnosis of a tractor starter motor using acquired vibration signals and ANFIS. Results of this study help agricultural workshop technicians to find the faults of the tractor starter motor without dismantling it.
Intelligent fault classification of a tractor starter motor using vibration monitoring and adaptive neuro-fuzzy inference system accelerometer, type VMI 102 (VMI Ltd, Sweden), was mounted on the starter motor body in the horizontal direction. Through signal conditioners, the vibration data was acquired by an APC 40 Spectrum Analyser (A/D converter, APC Ltd, Korea) and Dell Vostro 1320 laptop (data acquisition unit). The rotational speed of the central shaft of the motor was evaluated using a contact tachometer (DT-2235B model, Lotron Ltd, Taiwan). Vibration data was acquired when the motor reached its maximum speed.
Vibration data of the motor in the good condition (healthy) was used for comparison between healthy and faulty conditions of motor. Considered faults were healthy motor, with crack in rotor body (CRB), unbalancing in driven shaft (UDS) and wear in bearing (WB), as shown in Figure 3 . An unbalancing effect was created by glueing three nuts to the outer body of the driven shaft ring. Table 1 shows the description of fault conditions. Figure 4 shows an example of the time domain signal, computed FFT amplitude, PSD and phase angle, respectively, for different faults of the starter motor. The FFT analysis produced 1024 sample data for each fault. Due to even (odd) symmetry in PSD (phase), these features are halved. Also, since PSD has FFT amplitude information in itself, it was not considered further (19) .
Proposed system for fault diagnosis
The classical way for detecting faults consists of checking the measurable variables of a system in regard to a certain tolerance of the normal values and triggering alarm messages if the tolerances are exceeded, or taking appropriate action when they exceed a limit value which signifies a dangerous process. In this research, we want to present an intelligent fault diagnosis system so that it helps us to give a rapid decision on machine structural health, without the need for expert analysis.
In the present study, vibration signals are utilised for detecting the faults of a tractor starter motor. The proposed system consists of four procedures, as shown in Figure 1 : data acquisition, signal processing, feature extraction and fault classification. These are specifically explained in the next sections. In this section, the summary role of each procedure is described as follows: q Data acquisition: this procedure is used to attain the vibration signals. q Signal processing: this includes transfer of data from time domain into frequency domain. q Feature extraction: the most significant features are calculated using some feature parameters from both time and frequency domains. q Fault classification: the data obtained from feature extraction section is fed into ANFIS. The results obtained from the data test set indicate the total classification accuracy of ANFIS.
Data acquisition
Experiments were carried out on the starter motor of a Massey Ferguson 285 tractor. This starter is an electric motor needed to turn over the tractor engine to start it. The starter consists of a very powerful DC electric motor and a starter solenoid that is attached to the motor. When current from the starting battery is applied to the solenoid, it pushes out the drive pinion on the starter driveshaft and meshes the pinion with the ring gear on the flywheel of the engine (18) . The experimental set-up is shown in Figure 2 . A piezoelectric 
Feature extraction
A fault in rotating machinery leads to a change of the time domain signal. Both its amplitude and distribution may be different from those of a time domain signal in a healthy condition. Also, the frequency spectrum and its distribution may change, which signifies that new frequency components may appear. In the present study, the time domain data set is divided into some signals of 1024 data points. On the other hand, data points of signals in the frequency domain, ie PSD and FFT phase angle, amounted to 512. These signals were processed to extract thirty-three feature parameters. The eleven parameters (T1-T11) are time domain statistical characteristics and the remaining parameters (P1-P11 and A1-A11) are frequency domain statistical characteristics (10, 20) . These features are shown in Table 2 . Since the number of features (33) is large as input for ANFIS, feature extraction was carried out using a data mining technique in order to select the most significant features. To this end, an attribute selection filter of Weka software was used (21) . After filtering, a huge reduction in features was observed. According to the results of this data mining filtering, only six features were most significant for fault classification. These features are T 1 , T 4 , T 10 , P 2 , A 5 and A 7 .
ANFIS structure
An architecture of a fuzzy system with the aid of neural networks was used to make an intelligent decision for starter motor faults. The neuro-fuzzy system combines the learning capabilities of neural networks with the linguistic rule interpretation of a fuzzy inference system. Fuzzy systems are suitable for uncertain knowledge representation, while neural networks are efficient structures capable of learning from examples. The hybrid technique brings the learning capability of neural networks to the fuzzy inference system. The parameters associated with the membership functions of a Sugeno-type FIS will change through the learning algorithm of the neural network. The computation and adjustment of these parameters are facilitated by a gradient vector, which provides a measure of how well the FIS is modelling the input/output data for a given set of parameters. From the topology point of view, ANFIS is an implementation of a representative fuzzy inference system using a back propagation (BP) neural network-like structure. Figure  5 shows the topology of ANFIS with q node for each input, which consists of five layers. A description of each layer follows (22) : q Layer 1 -In the first layer each node corresponds to one linguistic term. The number of linguistic terms is determined by the expert of problem domain. In this layer for i = 1, 2, 3,…, P; x i denotes the ith input of ANFIS and O i 1 is the output of node i. Here there is a node function where its rule is equal with that of fuzzy membership functions. ANFIS uses either back propagation or a combination of least squares estimation and back propagation for membership function parameter estimation:
q Layer 2 -The output of every node in this layer, which is the product of all incoming signals, represents the firing strength of the reasoning rule. Each rule represents one fuzzy logic rule. Here, to calculate the output of the layer, AND (min) operation is used:
q Layer 3 -Comparison between firing strength of the rules and the sum of all firing strength is done in this layer. The output of this layer is the normalised firing strength: 
q Layer 5 -Defuzzification process is occurred in this layer and the outputs of layer 4 are aggregated:
Fault diagnosis
In order to evaluate the proposed approach, it was applied to the fault diagnosis of a starter motor. The data set was collected under different fault categories. The data sets were divided into two separate data sets -the training data set and the testing data set. Table 3 shows the detailed description of the data set. According to the feature extraction results mentioned in Section 5, six superior features out of 33 features have been selected by the data mining technique and then presented to the ANFIS classifier. These six features, consisting of three time domain features and three frequency domain features, are superior to the others in classifying the four classes of the starter motor. The ANFIS classifier was implemented by using the Matlab software package (Matlab version R2009a with fuzzy logic toolbox). The training data set was used to train the ANFIS model, whereas the 
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Sample variance testing data set was used to verify the accuracy and the effectiveness of the trained ANFIS model for classification of the four classes of starter motor fault. ANFIS used six input data sets, including a total of 2880 training data in 1000 training epochs and the step size for parameter adaptation had an initial value of 0.01. Figure 6 shows the topology of ANFIS designed for fault diagnosis. Two Gaussian type functions were used as a membership function of the input variables. At the end of 1000 training epochs, the network error (root mean square error) convergence curve of ANFIS was derived as shown in Figure 7 . From the curve, the final convergence value is 0.162. Also, the 64 rules were obtained as follows: Rule1: If (input1 is in1mf1) and (input2 is in2mf1) and (input3 is in3mf1) and (input4 is in4mf1) and (input5 is in5mf1) and (input6 is in6mf1) then (output is out1mf1) (1) Rule2: If (input1 is in1mf1) and (input2 is in2mf1) and (input3 is in3mf1) and (input4 is in4mf1) and (input5 is in5mf1) and (input6 is in6mf2) then (output is out1mf2) (1) …… Rule63: If (input1 is in1mf2) and (input2 is in2mf2) and (input3 is in3mf2) and (input4 is in4mf2) and (input5 is in5mf2) and (input6 is in6mf1) then (output is out1mf63) (1) Rule64: If (input1 is in1mf2) and (input2 is in2mf2) and (input3 is in3mf2) and (input4 is in4mf2) and (input5 is in5mf2) and (input6 is in6mf2) then (output is out1mf64) (1) After training, 120 testing data were used to validate the accuracy of the ANFIS model for classification of the starter motor faults. The confusion matrix showing the classification results of the ANFIS model is given in Table 4 . The diagonal elements in the confusion matrix show the number of correctly classified instances. In the first column, the first element shows the number of data points belonging to the healthy class and classified by ANFIS as healthy. The second element shows the number of data points belonging to the healthy class but misclassified as WB. The third element shows the number of data points misclassified as CRB and so on. Sensitivity, specificity and total classification accuracy are three criteria to determine the test performance of classifiers. These criteria are defined as: q Sensitivity: number of true positive decisions/number of actually positive cases. q Specificity: number of true negative decisions/number of actually negative cases. q Total classification accuracy: number of correct decisions/ total number of cases.
According to the values of statistical parameters (see Table  5 ), ANFIS classified sets healthy, WB, CRB and UDS as 93.33, 86.67, 83.33 and 83.33%, respectively. Also, the total classification accuracy of ANFIS was obtained to be 86.67%. 
Conclusion
The aim of this paper is to introduce an intelligent method to diagnose the fault type of the starter motor of agricultural tractors accurately and quickly. The vibration data were collected from the starter motor under different fault categories using a piezoelectric acceleration sensor and data acquisition system. Statistical features from the time and the frequency domains were extracted to reflect different faults of the starter motor. Input vectors to the ANFIS are six superior features, which were extracted using a data mining technique. The final ANFIS model has 64 rules with a network error convergence of 0.162. The trained ANFIS model was evaluated using 120 testing data and it was observed that the total classification of this technique is 86.67%. The results show the applicability and effectiveness of this method to detect faults in starter motors. 
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